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Abstract
The emergence of multicellular organisms that exhibit cell differentiation and stereotypic spatial arrangements has been recognized as one of the major transitions in evolution. Myxobacteria have emerged as a useful study model to investigate multicellular evolution and development.
Here, we propose a multiscale model that considers cellular adhesion and movement, molecular regulatory networks (MRNs), and cell-to-cell communication to study the emergence of cell fate determination and spatial patterning of Myxococcus xanthus fruiting bodies. The model provides a dynamic accounting of the roles of MRN multistability, intercellular communication and conglomerate size in determining cell fate and patterning during M. xanthus development. It also suggests that for cell fate determination and patterning to occur, the cell aggregate must surpass a minimum size. The model also allows us to contrast alternative scenarios for the Csignal mechanism and provides stronger support for an indirect effect (as a diffusible molecule) than a direct one (as a membrane protein).
Introduction
The emergence of multicellular organisms that exhibit cell differentiation and stereotypical spatial arrangements has been recognized as one of the major transitions in evolution (Maynard-Smith and Szathmáry, 2000), and it is estimated to have evolved independently about 25 times (Grosberg and Strathmann, 2007) . While division of labor by cellular differentiation is recognized as a central feature of multicellular organisms, the evolutionary origin of cell fates during the transition to multicellularity remains unclear. Some authors have postulated that multicellular masses appeared first and only later gradually acquired different cell fates and patterns, thus generating spatial differentiation (referred to as "patterning", Haeckel, 1874; Arendt, 2008). Alternatively, other authors have proposed that even unicellular organisms were capable of differentiation by alternation of cell fates over time, a view derived from a dynamic perspective of development. Thus, as a result of the formation of multicellular masses, organisms spontaneously exhibited the coexistence and patterning of these cell fates.
In turn, these cell fates may correspond to stable states enabled by the dynamics of multistable molecular regulatory networks already present in single cells. Under this view, as cells are incorporated into a conglomerate, new local chemical and mechanical microenvironments may bias cells to spontaneously reach different cell fates (Kauffman, 1969 In broad terms, multicellular organisms develop through either a clonal ("stay-together") or aggregative ("come-together") mechanism ( Studying different evolutionary origins and modes of multicellularity will enable comparative analyses that could help to identify both common and lineage-specific aspects in the evolution of cell fate determination and size regulation in multicellular organisms.
Myxobacteria, an order in the delta-proteobacteria, have emerged as a useful study model for In this work, we propose a multiscale model that considers cellular adhesion and movement, molecular regulatory networks (MRNs), and cell-to-cell communication to study the emergence of cell fate determination and spatial patterning of M. xanthus fruiting bodies. Specifically, we apply mathematical modeling to gain an understanding of the emergence of spatial arrangements in a population of initially homogeneous vegetative cells whose MRN dynamics are connected through signaling pathways. The model provides a dynamic accounting of the roles of MRN multistability, communication via C-signal and conglomerate size in determining cell fate determination and patterning during M. xanthus development. It also suggests that for cell fate determination and patterning to occur, cell aggregates must surpass a minimum size. Finally, the model is employed to contrast the alternative scenarios for the C-signal mechanism, providing support for an indirect effect (as a diffusible molecule), over a direct one (as a membrane protein).
Methods

Model description
To study cell fate determination and spatial patterning in a virtual population of M. xanthus cells, we specified a Glazier-Graner-Hogeweg (GGH) model that considered cellular adhesion and movement, molecular regulatory interactions and cell-to-cell communication (Figure 1) FruA at time (t) (FRUA(t)) was a function of the elements in the C signaling pathway (CSGA(t))
in the same cell. The modified Boolean function for FRUA(t) considered that FRUA(t) was activated when the corresponding cell was surrounded by at least CSG neighbor cells with CSGA(t) = 1. The complete set of functions specifying the GRN is shown in Supplementary Information 1.
Cellular-level
The Cellular Potts formalism was employed to model cellular adhesion and movement. In this scale, the space was discretized into a regular 1000 
,
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The first and second terms on the right-hand side of equation (2) are the cell-to-cell/cell-tomedium adhesion energies and the volume conservation energy, respectively. The first term on the right side of equation (2), ))), )))] is the boundary energy per unit area between two cells of given fates ))), ))) at a contact point. The term avoids taking into account pixels belonging to the same cell. In the second term on the right side of the equation, is the actual volume of a cell and is the target volume. is a constant determining the constraint length.
Two cells were considered to be neighbors if they shared a boundary of at least one-pixel unit.
In this model, the values of matrix J were considered to be equal over the cell population and thus differential adhesion was not considered. However, values in the matrix J representing cellto-cell (cohesion) interaction strength were allowed to differ from the cell-to-medium (adhesion) interaction strengths. In some versions of the model, the values in the matrix J were modified to explore the role of the balance between adhesion and cohesion. The values employed for adhesion and cohesion were 7, 10 and 13 (arbitrary units) in all possible pairwise combinations.
When moving over the lattice, virtual cells attempted to copy their pixel state to neighbor pixels, thus changing H. Pixel copy occurred following a Boltzmann probability distribution according to 
Supra-cellular level
The supra-cellular level considered diffusion of chemical fields, which mediate long-range intercellular communication. Three chemical fields were considered in the model, representing the available nutrients, A-signal and C-signal. The model assumed that all three chemicals freely diffused across the medium. Also, both A-and C-signal fields were considered to be relatively stable in the medium, with no degradation or consumption occurring outside the cells.
Both, A-and C-signal could be freely exchanged between cellular boundaries. In the case of the nutrients, they could be incorporated into the cells, but could not be released back to the medium. Dynamics of the diffusion process for both fields was modeled by partial differential equations as shown in equations (4) and (5).
,
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Indexes for assessing spatial organization
To characterize spatial organization, we implemented indexes to quantify the local and global distribution of cell fates in the virtual aggregates. The cellular center of mass, neighborhood and cell fate were recorded for each cell over time. The position of cell fates relative to each other was analyzed for each cell fate by measuring the number of neighbor cells with a given cell fate in order to define the neighborhood preferences, as in Tosenberger and collaborators, 2017.
The position of the cell fates inside the aggregate was analyzed by calculating the Euclidean distance between the edge of the aggregate (defined as the farthest cellular center of mass from the center of mass of the whole aggregate) and the individual center of mass.
Software and model robustness to parameter variation
To evaluate the sensitivity of the model to parameter variation, we ran the model after modifying the nominal value of key individual parameters. Robustness was assessed by comparing the indexes for spatial organization (section 1.2) obtained for the nominal and modified versions of the model. The tested parameters are highlighted in Table S1 . 
Results
Coexistence of cell fates is a result of intercellular coupling
We employed the model to study the spatiotemporal dynamics of the developmental process in M. xanthus. The system was initialized in the condition representing vegetative growth (VEG).
Cells were homogeneously distributed and were allowed to adhere to neighbor cells and to consume nutrients (see Methods and Table S1 ). As time proceeded, the state of the internal network changed as a response to cell-to-cell interactions and local concentrations of the nutrients and signals. Because the model implemented incorporated the possibility that different cells were exposed to different conditions, the initially homogeneous population segregated into different subpopulations, each one characterized by a different steady state of the MRN (Figure   2a ) and levels of diffusible elements (Figure 2b ). In the model, individual cells could reach one of four steady states, associated with cell fates, three of which were also recovered by the single-cell Boolean model previously reported, and correspond to VEG, SPO and PCD cells Angel et al., 2018) . In the spatiotemporal model, however, an additional steady state was generated and reached by some cells in the population, which matched the ROD profile (ROD cells are characterized by low levels of both ASG and CSG diffusible elements) (Figure   2a ). This steady state seemed to be generated as a consequence of relaxing the assumption of self-signaling considered in the previous Boolean model (Arias Del Angel et al., 2018) .
(Arias Del
Under a deterministic updating scheme, each attractor recovered in the Boolean model has its own well-defined and non-overlapping attractor basin (i.e., the set of initial conditions leading to the attractor), and transitions between attractor basins were not observed in the absence of stochastic perturbations (Álvarez -Buylla et al., 2008) . In the spatial model, the local conditions and cell-to-cell interactions to which a cell was exposed enabled them to transit from one attractor to another, causing the proportions of cell fates to vary over time (Figure 2c) . These transitions were not random, but rather follow an ordered sequence constrained by the dynamics of the internal MRN. Cells remained in the VEG state as long as they had access to nutrients; once nutrients were exhausted, the population rapidly differentiated into ROD cells.
ROD cells could remain in this state or differentiate into either SPO or PCD cells (Figure 2a,b) .
For cell populations with low NUT, the concentration of A-and C-signals defined a twodimensional space in which ROD, PCD and SPO can be mapped (Figure 2b) . In this space, (Figure 2c) . This trend held for populations of different sizes above a minimum lattice size of 500x500 (Figure S2) .
Differentiation and patterning are dependent on the aggregate size
Cell fate determination in individual cells within an aggregate did not occur at random, but rather depended on the local context of each cell, mainly on the interaction with neighboring cells.
Moreover, cell differentiation never occurred below a critical aggregate size of ~50 cells (Figure   3a ).
Since these transitions between cell fates depended on both the depletion of nutrients and the accumulation of A-and C-signals, large cellular aggregates were more likely to reach relatively high concentrations of these signals and locally accumulate them (Figure 3a) . Small aggregates (and individual cells) accumulated these signals more slowly because a fraction of the signal diffused away into the medium (Figure 3a and 3c) . Depletion of nutrients and accumulation of A-signal and C-signal did not occur homogeneously within a single aggregate. Also, nutrient and A-signal levels became more heterogeneous among cells as aggregate size increased (Figures   3c and 3e) .
Within the aggregates, cells at the periphery were more likely to accumulate high levels of nutrients but low levels of A-signal, while the opposite pattern was observed for cells at the interior of the aggregates (Figure 4) . (Figure 1c) , was robust to the specific numerical values of key parameters included in the model. Nevertheless, cell fate determination, proportion and patterning were differentially sensitive to specific parameters (Figure S3 and S4) . For instance, variations in the diffusion rate of the A-and C-signals seemed to affect the cell fate proportions, but not the presence of all four cell fates.
Balance between cohesion and adhesion determine aggregate size distribution
The 
Contrasting scenarios for the molecular nature of the C-signal
Once we were confident that the model could reproduce the key features of cell fate determination and patterning in M. xanthus, we employed it to test the plausibility of two contrasting scenarios. C-signal was initially suggested to be a membrane protein mediating direct cell-to-cell communication (Lobedanz and Løtte-Soggard), but recent evidence proposes that it is (or gives rise to) a diffusible molecule involved in indirect cell-to-cell communication. We developed two versions of the model that capture these two alternative scenarios. We found that while both versions of the model were capable of recovering most of the tested properties, only the model considering C-signal as a diffusible molecule was able to recover the appearance of isolated spores (i.e., outside of multicellular aggregates) that has been previously reported (Higgs et al., 2014) ( Table 1) . (Figure 4) . Because of the limited evidence, this result provides a prediction for future experimental work.
Discussion
The proposed model suggests that a threshold aggregate size must be surpassed to trigger cell fate determination and patterning. In relatively small aggregates, cells are unable to reach high enough levels of diffusible substances (A-and C-signal) because a significant portion of these signals is lost to the medium through diffusion. In large aggregates, self-activation feedback loops compensate for the proportion of the signals lost to cell-to-medium diffusion and intracellular levels of these signals reach high enough values to trigger downstream effects in the MRNs. In fact, previous studies have considered conglomerate size as a key factor favoring and constraining complexity during development and evolution of multicellular organisms (Bonner, 1998a) . Moreover, other authors have argued that as cells are incorporated into a conglomerate, new local chemical and mechanical microenvironments may give rise to cues biasing cells toward certain steady states (Furusawa & Kaneko, 2002) . Overall, our results support the idea that aggregate size may be a cue for development on the basis of a data- et al., 2016) . Here, we employed the dynamic model to test the plausibility of these two contrasting scenarios and found more support for the scenario of a diffusible signal mediating indirect cell-to-cell communication. The proposal of a diffusible element is also supported by bioinformatic analyses suggesting that csgA, the gene encoding for C-signal, does not contain any putative membrane-anchoring sequence (Lee et al., 1995) . Tables   Table S1. Boolean/ODEs GRN model -Sub-cellular level GRN updating rate 50 MCS 5, 10, 25, 50, 100 S1a-u rASG A-signal production rate 1.75 0.1, 0.25, 0.5, 1.0, S1b NUT Nutrient consumption rate 0.5 0.1, 0.25, 0.75, 0.9 S1a NUT Nutrient threshold for starvation 0.1 0.2, 0.25, 0.5, 0.75 S1c,k,l ASG A-signal activation threshold 0.5 0.1, 0.25, 0.75, 0.9 S1i,t CSG Active neighbors threshold 5 cells 1, 2, ..., 6 S1u
Tables
Supplementary
Partial differential equations -Chemical field level DASG A-signal diffusion rate 0.5 10 -5 , 10 -4 , …, 10 -2 , 0.1 S1b DNUT Nutrient diffusion rate 0.1 10 -5 , 10 -4 , …, 10 -2 , 0.5 S1a
Nutrients released by dead cells 10.0 0, 1, 5, 20, 100 3 
